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1 Introduction
Robots’ capacity for autonomous movement and their ability to perform an expanding set of
tasks have captured writers’ imaginations for almost a century.1 But more recently, robots have
emerged from the pages of science fiction novels into the real world, and discussions of their
possible economic effects have become ubiquitous. For example, from 1990-2000, the fraction
of items on the New York Times website mentioning the word “robots” almost doubled from
0.22% to 0.39%. This figure more than doubled again from 2000-2010 (reaching 0.83%) and again
from 2010-2013 (reaching 1.76%), reflecting a growth that has been faster than exponential. But
despite this rapidly growing interest, there is almost no hard evidence on the global economic
impact of robots.
The paucity of evidence on robots’ economic impact contrasts with the accumulating evi-
dence on other new technologies, such as information and communication technologies (ICT),
including computers.2 Substantial gains from ICT have been documented at the firm level
(Basker, 2012; Bloom, Sadun, and Van Reenen, 2012; Brynjolfsson and Hitt, 2000; Doms, Jarmin,
and Klimek, 2004). At the level of industries or countries it appeared initially to be difficult to
detect the impact of ICT (Solow, 1987). Stiroh (2002) presents evidence that ICT production
and use are associated with faster productivity growth in US industries, and O’Mahony and
Timmer (2009) estimate the contribution of ICT to EU and US aggregate labor productivity
growth form 1995-2005 at 0.6 and 1.0 percentage points, respectively, applying standard growth
accounting. But recent work on the US finds that gains in productivity are concentrated in
ICT-producing industries, and not in ICT-using industries (Acemoglu, Autor, Dorn, Hanson,
and Price, 2014). At the same time, the macro literature has been concerned with the possibility
that productivity gains from technology in general may have slowed down. Gordon (2012,
2014) expresses a particularly pessimistic view, and there are broader worries about secular
macroeconomic stagnation (Summers, 2014; Krugman, 2014), although others remain more
optimistic (Brynjolfsson and McAfee, 2014). None of these works, however, provides direct
evidence on the productivity effects of robots. Against this backdrop, the main goal of our paper
is to provide the first systematic evaluation of the effect of industrial robots on productivity,
which we estimate using variation over time across countries and industries.
In addition to studying robots’ effects on productivity, we also shed light on the concerns
that they might have a negative effect on employment. Fears that technological innovations
destroy jobs are not new, and the Luddites’ destruction of machines during the early nineteenth
century is a striking example (Hobsbawm, 1952). A growing literature has studied the effects on
labor demand of ICT in general, but not of robots.3 In recent work, Brynjolfsson and McAfee
1Discussions of automata and physical construction of working machines go back to the ancient world. But ac-
cording to the Oxford Online Dictionary, the word “robot” comes from robota, the Czech word for ‘forced labor’. The
term was coined in Cˇapek’s 1920 play R.U.R. ‘Rossum’s Universal Robots’ (http://www.oxforddictionaries.
com/definition/english/robot, accessed on Dec 8, 2014). Robots gained in popularity following the work of
Asimov (1950).
2There is some overlap between ICT (software, computing and communications equipment) and robots, since the
latter typically feature computing equipment for programming and control. But most of the hardware components
of robots are not considered ICT.
3For evidence on the labor market effects of ICT, see for example Autor, Katz, and Krueger (1998), Autor, Levy,
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(2014), Ford (2009), and Frey and Osborne (2013) argue that in the future robots will likely
replace many existing jobs. These concerns have been exacerbated by the evidence that labor’s
share of national income has been falling (Karabarbounis and Neiman, 2014; Elsby, Hobijn, and
Sahin, 2013). At the same time, disagreements about the potential effects of robots on the labor
market are presently common even among experts in the field (Pew Research Center, 2014).
The second goal of our paper is therefore to assess the impact of robots on hours worked in
industries that employ them across the developed world.
Specifically, we study the impact of industrial robots, utilizing new data from the Interna-
tional Federation of Robotics (IFR). The IFR measures deliveries of “multipurpose manipulating
industrial robots”, based on the definitions of the International Organization for Standard-
ization (ISO), which allow us to compare delivery numbers across country-industry pairs
and over time. Specifically, the IFR definition refers to a “Manipulating industrial robot
as defined by ISO 8373: An automatically controlled, reprogrammable, multipurpose ma-
nipulator programmable in three or more axes, which may be either fixed in place or mo-
bile for use in industrial automation applications” (IFR, 2012, see also ISO definitions here:
https://www.iso.org/obp/ui/#iso:std:iso:8373:ed-2:v1:en).4
Using data from the International Federation of Robotics (2006), we estimate that from
1990-2005 the price of robots in six major developed economies fell by approximately one half.
When quality improvements are taken into account, the fall in prices was even steeper: by 2005
quality-adjusted robot prices were about one fifth of their 1990 level.
This rapid decline in robot prices led to increased utilization of robots (which we dub
“robot densification”) in a range of different industries. We use International Federation of
Robotics (2012) and EUKLEMS (Timmer, van Moergastel, Stuivenwold, Ypma, O’Mahony, and
Kangasniemi, 2007) data to estimate robot density (the stock of robots per million hours worked)
in 14 industries in 17 countries from 1993-2007. Averaged across the 17 countries in our dataset,
robot density increased over this period by more than 150 percent, from 0.58 to 1.48. Among the
countries in our dataset, robot densification was particularly pronounced in Germany, Denmark,
and Italy. Among the industries, transport equipment, chemicals, and metal industries led the
way in increasing robot density.
Using our panel data, we find that industry-country pairs which saw more rapid increases
in robot density from 1993-2007, experienced larger gains in labor productivity (value added
per hour worked) and similarly sized increases in value added per worker. These results are
robust to controlling for country-specific and industry-specific fixed effects, which in our long-
differenced specifications control for country and industry trends. At the same time, we find
that larger increases in robot density translated into increasingly small gains in productivity,
suggesting that there are some congestion effects (or diminishing marginal gains) from increased
and Murnane (2003), Acemoglu and Autor (2011), Michaels, Natraj, and Van Reenen (2014), Goos, Manning, and
Salomons (2014), Akerman, Gaarder, and Mogstad (2013). A growing literature analyzes theoretically the impact of
increased automation on the economy (Benzell, Kotlikoff, LaGarda, and Sachs, 2015; Feng and Graetz, 2015; Hemous
and Olsen, 2014), but does not provide empirical evidence on the impact of robots.
4Besides industrial robots, the IFR also started reporting on service robots in 2002. However, service robots were




We provide further evidence that robots increase productivity using a novel instrumental
variable strategy. To construct our instrument we use data on “robot applications” (IFR, 2012),
which classify the tasks performed by robots. We match these to data on US occupations in 1980,
before robots became ubiquitous, and define occupations as “replaceable” if by 2012 their work
could have been replaced, completely or in part, by robots. We then compute the fraction of each
industry’s hours worked in 1980 that was performed by occupations that subsequently became
prone to replacement by robots. Our industry-level “replaceability” index strongly predicts
robot densification when robot prices fell sharply from 1993-2007. Two-stage least squares (2SLS)
estimates using replaceability as an instrument for robot densification show that increased use of
robots raised both labor productivity and value added, consistent with our OLS estimates. These
results are again largely unchanged when we allow for country-specific trends in outcomes.5
Both our OLS and 2SLS results are robust to a large set of specification checks involving
alternative measures of robot use, different sub-samples, and controls for the changes in other
inputs.
We calculate that on average across the 17 countries in our dataset, robot densification from
1993-2007 raised annual growth of GDP and labor productivity by 0.37 and 0.36 percentage
points, respectively.6 This figure is a conservative one as it is based on the lower range of
our estimates of the impact of robots. The figure is fairly comparable to the estimated total
contribution of steam technology to British annual labor productivity growth of around 0.35
percentage points, which was, however, sustained over a period that was about four times
longer, from 1850-1910 (Crafts, 2004). The overall contribution of robots is less than the upper
range of estimates of ICT’s contribution to EU and US labor productivity growth form 1995-2005,
which O’Mahony and Timmer (2009) estimate at 0.6 and 1.0 percentage points, respectively. But
importantly, the total value of ICT capital services is at least five times larger than that of robot
services.7
We next turn to our second question—how did robot densification affect employment? Our
OLS and 2SLS estimates show no significant effect of robot densification on aggregate hours
worked, although some of the estimates are negative and close to significant. When we look
at the effects of robots on the hours worked by different skill groups, we find some evidence,
especially in the 2SLS specifications, that robots reduced hours worked by low-skilled and (to a
lesser extent) middle-skilled workers. We also find that robots had no effect on hours worked
by high-skilled workers. These results are consistent with viewing robotics technology as skill
biased, at least in relative terms. At the same time, we find that unlike ICT, robots do not polarize
the labor market, since their negative effects on the least educated are no smaller than those on
the middle-skilled.8
5Since our instrument only varies at the industry level, we cannot allow for industry-specific trends in our 2SLS
estimates.
6Average annual growth in GDP and labor productivity was 3.14 percent and 2 percent, respectively.
7The contribution of robots to growth is also less than that of post-war road construction in the US, which Fernald
(1999) estimates at 1 percent for the period 1953-1973. However, the value of the road stock is much larger than that
of robots, at about one quarter of private business GDP in 1994.
8For related discussions of the effect of ICT on skill demand, see e.g. Michaels, Natraj, and Van Reenen (2014) and
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Finally, we estimate the effect of robots on other outcomes. Our estimated effects of robot
densification on total factor productivity (TFP) and average wages are positive and statistically
significant in most specifications. We do not, however, find any significant effect of robot
densification on the labor share.
During the period we analyze, industrial robots were used in just under a third of the
economy (as averaged across the countries in our dataset) and service robots were still in their
infancy. This means that there is plenty of potential for increased use of robots in new industries.
Moreover, as new robot capabilities are developed, they may be used more intensively in the
industries that are already using them. This suggests that the likely contribution of robots on
future growth is substantial. At the same time, our finding of congestion effects in robot use
suggests that ever increasing robot densification is not a panacea for growth.
2 A Model of Production Using Robots and Workers
We use a simple two-sector model to motivate our empirical analysis and guide the interpretation
of the results. In a static, frictionless environment there are two sectors, one using a CES technol-
ogy to combine robots and labor, and another using labor only. Let YR and YN denote the outputs
of the robot-using and non-robot-using sectors, respectively. Suppose that consumer have CES











subject to a budget constraint; ε is the elasticity of substitution in consumption between the
outputs of the two sectors.9
As we further discuss below, we find it useful to allow for two distinct interpretations of the
two sectors. The two sectors could represent two different industries within one country, or we
could think of them as representing the same industry located in two different countries. The
two interpretations will have different implications for the value of the elasticity of substitution
ε.
Denote the quantity of robots used in production by R, and suppose that robots are perfectly
elastically supplied at an exogenous rental price ρ. A fixed amount L of labor is supplied
perfectly inelastically and labor is perfectly mobile across sectors. The labor inputs in the two











and YN = LN , where the elasticity of substitution between robots and
labor in the robot-using industry is denoted by σ.
As we demonstrate in the Model Appendix, the model gives rise to the following predictions:
1. A fall in the price of robots leads to an increase in robot density.
2. An increase in robot density leads to an increase in average labor productivity in the
robot-using sector.
Autor (2014).
9For simplicity, we assume homothetic preferences, which rules out the possibility that income growth affects
relative demand.
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3. As robot density increases, so does the output in the robot-using sector relative to the
non-robot-using one.
4. The labor input in the robot-using sector increases (decreases) with robot density if ε > σ
(ε < σ). The allocation of labor across sectors does not depend on robot density when
ε = σ.
The intuition for the last result may be stated as follows. A decline in robot prices induces
firms to substitute robots for labor, but at the same time increases output in the robot-using
sector, depressing its relative price. This in turn leads consumers to buy relatively more of the
robot-using sector’s output. Whether the increased output is met by the increase in the robot
input or whether an inflow of workers is required, depends on whether the firm’s response to
the fall in the price of robots is stronger than that of consumers to the fall in the relative output
price, as measured by σ and ε.
We interpret the elasticities σ and ε as reduced-form rather than structural parameters. For
example, σ captures the substitution possibilities between factors at the level of a task—which
may be performed by either robots or workers—as well as the substitution possibilities between
the various tasks that are needed to produce a sector’s output. A very small substitution
elasticity between tasks may translate into a very small σ, even if robots and workers are perfect
substitutes at the task level.10
Similarly, the value of ε may depend on which interpretation of our two-sector model is
more relevant. If we think of the two sectors as two different industries in one country, say
automotive and construction, then substitution possibilities may be limited and ε may be small.
However, if we interpret the two sectors as the same industry located in different countries,
say automotive in the US and in Germany, then substitution may be very strong and hence ε
may be large.11 We believe that both interpretations may have some empirical relevance in our
context.12
To sum up, our simple model suggests that increases in robot density caused by a fall in the
price of robots should lead to a rise in value added and labor productivity, while the effect on
hours is ambiguous.
3 Data Description
Our main source of data on robots is the International Federation of Robotics (2012), which com-
piles information from national robot federations on industrial robots. The IFR measures deliver-
ies of “multipurpose manipulating industrial robots” based on the definitions of the International
10See for instance Zeira (1998) and its treatment in Acemoglu (2010, in particular Equation (20)).
11In this case the substitution elasticity in consumption would be large but not necessarily infinite, since there may
still be product differentiation across countries.
12Increased robot use could also facilitate higher product quality and/or variety, and this could positively affect
product demand and employment. A further simplification of our model is that we assume labor to be homogenous.
One could imagine a model with heterogenous labor and potentially different degrees of substitutability between
robots and the various types of labor. If low-skilled labor were more substitutable than high skill labor, then low-
skilled workers would be more likely to see their labor input decline in the robot-using sector as a result of robots
becoming cheaper.
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Organization for Standardization. Their definition refers to a “Manipulating industrial robot as
defined by ISO 8373: An automatically controlled, reprogrammable, multipurpose manipulator
programmable in three or more axes, which may be either fixed in place or mobile for use in in-
dustrial automation applications” (International Federation of Robotics, 2012, see also ISO defini-
tions here: https://www.iso.org/obp/ui/#iso:std:iso:8373:ed-2:v1:en). Each
element of the definition is essential for a machine to be considered an industrial robot. For
instance, a manipulator that is not reprogrammable or that has a single purpose is not considered
an industrial robot.13
Typical applications of industrial robots include assembling, dispensing, handling, process-
ing (for instance, cutting) and welding, all of which are prevalent in manufacturing industries;
as well as harvesting (in agriculture) and inspecting of equipment and structures (common in
power plants).
The IFR provides data on the number of robots delivered to each industry, in each country
and year.14 We construct the stock of robots based on the deliveries using the perpetual inventory
method, assuming a depreciation rate of ten percent.15 This approach is similar to the EUKLEMS
procedure for computing the stock of ICT capital. We set the initial (1993) value of our stock
measure equal to the corresponding estimate of the robot stock provided by the IFR.16
One attraction of our measure of the industrial robot stocks, is that the IFR criterion for
counting these robots is fixed across industries and over time. Nevertheless, industrial robots
are admittedly heterogeneous (as are workers’ hours), and perhaps more importantly their
technology has changed over time. To mitigate this concern, we construct an alternative measure
of “robot services”, which we use in our robustness checks, and in order to compare robot inputs
to other capital inputs. Our robot services variable is calculated using turnover-based prices,
which are available for our entire sample period but only for the US (see the Data Appendix for
details). For selected countries the IFR also report price indices based on list prices, but these stop
in 2005. List prices, together with data on changes in characteristics of robots, enabled the IFR to
construct quality adjusted price indices, as well. We report these indices in Figure 1. Comparing
the raw indices with the quality-adjusted ones reveals substantial quality improvements over
time. While we are unable to directly observe how the quality of the robot stock changes, we
check that our results are robust to assuming different depreciation rates when constructing the
robot stock. A higher depreciation rate means that more weight is put on recent robot vintages,
which may capture some of the quality growth.
13ISO defines a manipulator as a “machine in which the mechanism usually consists of a series of segments,
jointed or sliding relative to one another, for the purpose of grasping and/or moving objects (pieces or tools)
usually in several degrees of freedom... A manipulator can be controlled by an operator, a programmable electronic
controller...”.
14The IFR aims to capture the universe of robot suppliers: “The statistical data collected in the present World
Robotics are based on consolidated data provided by nearly all industrial robot suppliers world-wide” (IFR, 2012,
p.19).
15We explore different depreciation rates ranging from 5-15 percent, and find that our results are robust (Section
4.2).
16The IFR’s estimates of robot stocks are based on the assumption that the service life of a robot is exactly twelve
years—hence the estimated number of robots in use at a given point in time is equal to the sum of robots delivered
over the past twelve years. While we prefer to use a measure of the robot stock that is based on more conventional
assumptions about depreciation, we must rely on the IFR estimates to initialize our series of robot stocks.
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A complicating feature of the IFR data is that for about half of the countries in our final
sample, a breakdown of deliveries by industries is not available for the early years in the sample,
when all delivered units are reported under the “unspecified” category. For these countries, we
impute industry-level deliveries based on an industry’s share in total deliveries during the years
when the breakdown was reported (see the Data Appendix for details). As we discuss below, we
find that our results are robust to excluding the countries for which we imputed robot deliveries
in the base year.
Our second major source of data for this paper is EUKLEMS (Timmer, van Moergastel,
Stuivenwold, Ypma, O’Mahony, and Kangasniemi, 2007). These data include information
on inputs (including breakdowns of capital and labor aggregates), outputs, and prices at the
industry-country-year level. We use data from the EUKLEMS March 2011 update for value
added, hours worked, capital and labor compensation, breakdown of the capital input; and
the EUKLEMS March 2008 release for the breakdown of the labor input.17 IFR and EUKLEMS
data use different industry classifications at varying levels of aggregation. The most detailed
breakdown of EUKLEMS industries that allows us to consistently match the IFR data is shown
in Appendix Table A1. Of the 28 EUKLEMS industries we are able to match 14. These include all
manufacturing industries (except “machinery, not elsewhere classified”) as well as agriculture,
mining, utilities, construction, and “education and R&D”. The IFR industries we do not use
are “all other manufacturing”, “all other non-manufacturing”, and “unspecified”. This means
we lose about 16 percent of deliveries on average, mainly accounted for by the “unspecified”
category.
The first year for most of our analysis is 1993, the first year covered in the IFR data, and the
last year we use is 2007.18 The IFR data end only in 2011, but coverage in the EUKLEMS data
becomes extremely uneven after 2007. Furthermore, a virtue of omitting post-2007 data from the
analysis is that this way our results are not influenced by the large cyclical fluctuations of the
Great Recession and the subsequent recovery. The countries included in our sample are shown
in Table 1.19
Nominal variables such as value added at current prices or compensation of labor and capital
are reported in units of local currency in the EUKLEMS data. When comparing these variables
across countries, we convert them to US$ using annual nominal exchange rates from the Penn
World Table, Version 8.0 (Feenstra, Inklaar, and Timmer, 2013). We measure real variables in
2005 US$.
All the descriptive statistics and estimates that we report, unless noted otherwise, are
weighted by an industry’s initial (1993) share of hours in the country-wide amount of hours
worked. We do this to ensure that our estimates reflect the relative importance of industries
17Our choice of EUKLEMS releases ensures that for each set of variables we use the most recent version.
18We use EUKLEMS data going back to 1979 for a falsification exercise.
19The major robot-using countries covered in the IFR data but dropped from our sample include China and Japan.
While China is absent from the EUKLEMS data, basic variables such as output and hours worked can be found in
World KLEMS (Wu, 2012). However, these data start only in 1999, therefore we were forced to omit China from our
sample. We drop Japan because the reported deliveries and stocks feature implausible trend breaks which are due
to substantial reclassification of what kinds of robots were to be included in the data, as we learned from personal
communication with the IFR.
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within countries. However, we give equal weight to each country. Our weighting procedure is
the same as that of Michaels, Natraj, and Van Reenen (2014).
Our main dependent variables are the growth in real value added, hours worked, and
productivity. More precisely, for each country-industry cell we compute the log difference
of both real value added and hours between 1993 and 2007. We define labor productivity as
the ratio of real value added to hours worked, and hence its growth is equal to the difference
between the growth in value added and the growth in hours. Besides the three main outcomes
we also consider growth of TFP and average wages, changes in the labor share, as well as
growth in hours worked by three different skill groups: high, middle, and low. High-skilled
workers include those with a college degree and above. While there is some variation across
countries owing to differences in educational systems, the group of middle-skilled workers
usually consists of high school graduates, people with some college education, and those with
nonacademic professional degrees (Timmer, van Moergastel, Stuivenwold, Ypma, O’Mahony,
and Kangasniemi, 2007, see pp.28-31).
The main regressor in our empirical analysis is based on our measure of robot density, which
we define as the number of robots per million hours worked.20 We refer to changes in robot
density over time as “robot densification”. As we discuss further below, changes in robot density
are heavily concentrated at small positive values (or zero), while the distribution has a long
right tail. This makes fitting a linear model using raw changes in density challenging. In our
main analysis we therefore use as regressor the percentile of changes (based on the weighted
distribution of changes). We verify in robustness checks that our results are mostly robust to a
range of alternative functional forms.
Our instrument for robot densification is an industry-level measure that we call replaceability.
We construct this instrument based on data from IFR on robot applications, the US Census
occupational classifications, and the distribution of hours across occupations and industries
from the 1980 US Census (Ruggles, Alexander, Genadek, Goeken, Schroeder, and Sobek, 2010).
The IFR distinguishes among different applications of robots, including (among others) welding,
processing, and assembling (IFR, 2012, p.33). We take the 2000 Census three-digit occupations
and assign a replaceability value of one to an occupation if its name contains at least one of
the IFR application categories.21 Otherwise an occupation gets assigned a value of zero. We
then map our replaceability measure into the 1990 Census occupational classification, which is
available across multiple Census years, including the 1980 and 2000 censuses. If several 2000
occupations map into one 1990 occupation, then we assign the 1990 occupation a replaceability
value of one if and only if at least one of the corresponding 2000 occupations has a value of one.
To measure replaceability at the industry level, we assign each individual in the 1980 IPUMS
Census file a replaceability value based on their reported 1990 occupation. Furthermore, we
assign each individual one of our 28 EUKLEMS industries based on a cross walk to the 1990
20In this definition we largely follow the IFR, except that the IFR define robot density as the ratio of the number of
robots to workers. We prefer to use hours to normalize the number of robots, since workers can differ in the number
of hours that they work.
21We also considered using older Census occupational classifications to construct our instrument. Given the
changes in occupational terminology over time, we found that the matching of occupation names and robot
applications works much better when using a classification that is more contemporaneous with the IFR report.
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Census industry classification. We then compute the fraction of replaceable hours for each of
the 14 robot-using industries by dividing the sum product of replaceability and annual hours
worked by the total sum of hours worked (applying person weights both when computing the
numerator and the denominator).22
4 Empirical Analysis
In the previous section, we have described the construction of our data containing information
on value added, labor and capital inputs, and critically, robot use, for 238 country-industries
between 1993 and 2007. We now turn to the empirical analysis. We first document the increased
use of industrial robots across countries and industries; present our data graphically; and
describe the results on the impact of robots on productivity, value added, and hours growth
from our preferred OLS and 2SLS specifications in Section 4.1. We then examine the robustness of
these results to using alternative functional forms, different sub-samples, and to the inclusion of
additional controls in Section 4.2. We evaluate the economic importance of robots by quantifying
their contribution to aggregate growth in Section 4.3. Finally, we present results for additional
outcome variables, such as TFP and wage growth, and hours growth by skill group, in Section 4.4.
4.1 Main results
We begin our empirical analysis by describing the use of robots in the seventeen countries we
analyze. These include the US, fourteen European countries, South Korea, and Australia. As
panel A of Table 1 shows, in 1993, the average robot density (robots per million hours worked)
in our sample was 0.58.23 Robot densities, in robots per million hours worked, were highest
in Germany (about 1.7), followed by Sweden (about 1.4), Belgium (1.2) and Italy (about 1.1).
The figure for the US was just above two-thirds of the 17-country average. Four of the seven
countries (Australia, Greece, Hungary, and Ireland) had either no industrial robots or almost
none.24 Table 1 also reports means for our main dependent variables, the logarithms of value
added per million hours, value added, and millions of hours worked, and for the logarithms of
the capital stock and the wage bill.
Panel B of Table 1 reports mean changes by country in robot densities from 1993-2007. The
leading country was again Germany (about 2.7), followed by Denmark (about 1.6) and Italy
22We also computed a replaceability measure based on the wage bill. We calculated the fraction of the wage bill
that is replaceable in the same way as replaceable hours, except that we substitute annual wage and salary income
for hours worked. Since wage income is top-coded in the data, we assigned each top-coded observation the product
of 1.5 and the maximum value of income among the non-top-coded observations. We do not report results using the
wage bill instrument, however they are qualitatively and quantitatively very similar to those we do report. We prefer
using replaceable hours as an instrument as this gives us a stronger first stage.
23Recall that the means we report are averaged within country using base period employment shares as weights,
but the average across countries is unweighted.
24For most countries, a fraction of robot deliveries (typically less than 20 percent) is always classified as “unspeci-
fied”, and is thus not part of our analysis. This means that we underestimate true robot densities. The fraction of
“unspecified” deliveries is particularly large even in 2007 for Australia (82 percent) and Ireland (56 percent). These
countries belong to the group for which we need to impute base-line robot stocks, and we show below that our
results are robust to excluding this group.
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(about 1.4). By 2007 industrial robots were employed in all the seventeen countries in our
sample. The most striking fact from Table 1 is that from 1993-2007, mean robot density across
the seventeen countries that we analyzed increased by more than 150 percent.
The most natural explanation for this rapid increase in robot intensity is the dramatic fall
in robot prices. The International Federation of Robotics (2006) collects list prices of robots
reported by surveyed companies in selected countries. Sub-figure (a) of Figure 1 shows that
from 1990-2005, the price of robots in the six countries for which we have aggregate annual price
data (US, France, Germany, Italy, Sweden, and UK) roughly halved.25 Even this dramatic fall,
however, does not reflect the full change in robot prices. Sub-figure (b) of Figure 1 shows that
on average across the six countries in our sample, quality-adjusted robot prices fell by almost 80
percent. Even if we restrict our attention to 1993-2005, the average decline in quality-adjusted
robot prices was still around 50 percent.
In light of this rapid fall in robot prices, it is unsurprising that they were widely adopted
not only across countries, but also across industries. Table 2 reports the means for the same
variables as Table 1, except this time for each of the fourteen industries in our dataset. In 1993 the
transport equipment and metal industries led in the use of robots, with about 5.4 and 2.4 robots
per million hours worked, while construction, education, mining, and utilities had negligible
robot densities. From 1993-2007 the fastest increase in the number of robots per million hours
worked took place in the transportation equipment (about 8.1), chemical (about 3.3) and metal
(about 1.7) industries.
Tables 1 and 2 reveal an uneven distribution of robot density, with more variation across
industries than across countries. Appendix Table A2 further shows the skewness of the distri-
bution of robots across country-industry pairs, which correspond to our observations. In 1993,
the median country-industry in our country had a negligible robot density of 0.004 robots per
million hours worked. Panel B of the table shows that the gains in robot density from 1993-2007
were again skewed, with a median of just over 0.02 and maximum of over 28. Only in ten
observations did the robot density decline over our sample period.26 Appendix Table A2 also
reports similar summary statistics for our alternative measures of robot density, and again both
the levels in 1993 and the changes until 2007 were skewed to the right.
Before presenting our regression analysis of the impact of industrial robots, we examine
the relevant functional form. Figure 2 plots the change in the log of labor productivity from
1993-2007 against measures of increased robot use. In sub-figure (a), we plot the percentile of
the change in robot density on the horizontal axis, as well as the fitted regression line.27 The
slope is positive and precisely estimated, and the distribution of data points around the fitted
line suggests that the relationship between productivity growth and the percentile of robot
densification is well approximated by a linear functional form. In sub-figure (b), we instead
25As we discuss in the data section, for reasons of data availability we use a turnover-based measure of prices,
rather than the list-based one, in parts of our analysis.
26Robot stocks declined in twelve observations. In eight of these robot densities also declined. In four observations
the robot stock declined but the density (weakly) increased, and in two observations the density declined but the
stock (weakly) increased.
27Percentiles are based on the weighted distribution of changes in robot density, where within-country 1993
employment shares of a country-industry are used as weights.
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plot changes in raw robot density on the horizontal axis, together with the fitted line. Here a
linear functional form (though still positive and significant at conventional levels) seems much
less adequate, and the estimated slope appears sensitive to a few observations near the top of
the distribution of robot densification. While an approximation of the functional form in our
theoretical model might suggest using changes in raw robot density, Figure 2 shows that using
percentiles gives a much better fit. In most of the analysis below we use the percentile of robot
densification as our main regressor, although in the robustness checks we report results using
other functional forms.
In Figure 3 we examine graphically the relationship between robot intensity and changes
in productivity and value added at the industry level. The figure plots simple means of the
variables of interest by industry, averaged across all the countries in our data. Sub-figures (a) and
(b) of Figure 3 suggest that industries with higher deciles of change in robot density experienced
faster growth in productivity and value added.28
To support our choice of functional form, we begin our analysis by allowing the change in
outcomes to vary by quartile of change in robot density. Specifically, we estimate regressions of
the form:






∆(#robots/hours)ic ∈ (Qj−1, Qj]
}
+ β3controlsci + εci, (1)
where ∆Yci is the change in the outcome of interest, Yci in industry i in country c from 1993-
2007, 1
{
∆(#robots/hours)ic ∈ (Qj−1, Qj]
}
is an indicator for the change in robot density falling
between quartiles j − 1 and j, and εci is the error term. Some of the specifications include
controlsci, which are country fixed effects and in some cases also industry fixed effects. Since the
specification is estimated in changes, these fixed effects effectively absorb country (industry)
specific trends.
We estimate our regressions on 1993-2007 changes, because we are interested in long-run
trends. Including intermediate years would not necessarily increase the precision of our esti-
mates since it would lower the signal-to-noise ratio. As discussed in the data section, we weight
all the regressions using industries’ base year shares of hours worked within each country.
Table 3 reports the results of our estimation of equation (1). Column (1) shows that without
controlling for any trends, only the country-industry observations in the top quartile of robot
densification experienced faster growth in labor productivity. Once we control for country
fixed effects in column (2), the observations in the top quartile stand out even more, while the
third quartile coefficient is positive and significant but smaller than the top quartile, and the
second quartile coefficient is positive, smaller than the third quartile coefficient, and imprecisely
estimated. The country-industries with fastest growth in robot density saw productivity grow
about 3.2 percentage points faster per year.29
While the results suggest that increases in robot density are systematically associated with
28Figure 3 also suggests that the electronics industry is a bit of an outlier with its high growth of productivity and
value added, but our results are robust to excluding this industry.
290.446 divided by 14 equals 0.032. The precise expression for calculating differences in annual growth rates is
eβ/14 − 1, which is well approximated by our simpler formula.
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increases in labor productivity, the magnitudes are also interesting. As Appendix Table A2
shows, the mean change in robot density was over ten times higher in the top quartile than in
the third quartile, which in turn was more than ten times higher than the average in the second
quartile. Despite these large differences, our estimates which account for differences in country
trends suggest that the marginal impact of increasing robot densities is diminishing.
Columns (3)-(4) of Table 3 show estimates of regressions as in columns (1)-(2), but this time
using as an outcome the growth in value added. The picture is very similar to what we find for
labor productivity, with larger increases in robot density corresponding to larger increases in
value added. Conditional on country trends, the country-industries with fastest growth in robot
density saw value added grow about 3.5 percentage points faster per year.
Finally, columns (5)-(6) show that robot densification was associated with almost no change
in total hours worked: the estimated coefficients are all both small and imprecise.
Using our previous evidence on the functional form relationship between changes in robot
density and the outcomes of interest, we proceed to estimate regressions of the form:
∆Yci = γ1 + γ2∆robotsci + γ3controlsci + εci, (2)
where ∆robotsci is the percentile change in robot density.
Panel A of Table 4 shows that moving from the bottom to the top of the ranking of changes in
robot density distribution corresponds to an increase of about 0.36-0.57 in the logarithm of labor
productivity (which translates into increases in annual growth of 2.6-4.1 percentage points),
depending on the set of controls. The corresponding estimates for changes in the logarithm
of value added are very similar (columns (3)-(4)), as country-industries with higher growth in
robot densities experienced no significant changes in hours worked (columns (5)-(6)).
To check whether these results could be driven by unobserved differences between industries,
we include industry fixed effects, which allows us to control for industry-specific trends, given
that we estimate first differences. This is a very demanding specification since it may be precisely
the differences in production processes between industries that are important in explaining
increased robot use. Panel A of Appendix Table A3 shows that the relationships between
productivity and value added growth, and robot densification, are still positive but less steep
and less precisely estimated in the non-parametric specification. Panel B shows OLS with and
without industry trends. Controlling for industry trends leads to smaller estimates of the effects
of increased robot use on productivity and value added of 0.35 and 0.36, respectively. Unlike
in the non-parametric specification, these estimates are precise and statistically significant.
Controlling for industry trends does not change the finding that robot densification appears to
have no effect on hours worked.
The robust pattern that we document in Table 3 and panel A of Table 4, where robot densifi-
cation is associated with increased labor productivity and value added even after controlling
for country trends (and for industry trends in Appendix Table A3), is strongly suggestive.
Nonetheless, we may be concerned about the interpretation of the estimates for a few reasons.
First, we might worry about attenuation bias due to measurement error in the changes in robot
densities. This is not a trivial concern, given our discussion above of the data construction, and
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the fact that we are estimating specifications in changes, which could worsen the signal-to-noise
ratio compared to regressions on levels. Second, we might worry that the estimates for labor
productivity are biased because we use the change in hours to construct both our dependent
variable and the regressor of interest. We note that this does not apply to the value added
regressions, but it is nonetheless a concern. Finally, we might worry about reverse causality,
where faster-growing industries invest more in increasing their robot densities (robot suppliers
may target their products to the industries they expect to grow fastest).
To address these concerns, we use our measure of replaceable hours (replaceablei) as an
instrument for the changes in robot density over time. As we explain in our data section, this
measure reflects the percent of hours worked in each industry in the United States in 1980, by
occupations whose tasks are (at least partly) replaceable by robots. Sub-figure (c) of Figure
3 shows that this measure strongly predicts the increase in robot intensity: as robot prices
fell—both in absolute terms and relative to wages—industries with higher initial replaceability
increased their use of robots more than others. Sub-figures (d) and (e) show that those same
industries also experienced faster increases in productivity and value added.
The bottom panel of Table 4 uses our replaceability index as an instrument for the change
in robot density. As column (1) shows, we have a precisely estimated first stage, and our two
stage least squares (2SLS) estimate of the effect of robot densification is roughly 50 percent larger
than the OLS estimate when we allow for differential country trends in column (2). Given our
concerns about measurement error, this seems quite plausible.
Moving on to columns (3) and (4) we see that robot densification increases value added in
the 2SLS specifications, and the results are quite similar to those we report using OLS. Finally,
columns (5) and (6) show that using our 2SLS specifications, robot densification is associated
with a reduction in working hours, although the estimates are not significant at the five percent
level. This result, however, is noteworthy, and we revisit it in our discussion below.
Although our 2SLS estimates address potential concerns about measurement error and
reverse causality, we might still worry that replaceable industries followed different trajectories
even before they began to adopt robots. To mitigate this concern, Table 5 presents falsification
tests for our replaceability instrument. The table shows reduced-form regressions of the type:
∆Yci = δ1 + δ2replaceablei + countryc + εci (3)
where countryc is a set of country fixed effects. Panel A presents the reduced form estimates
for our full sample (our benchmark), and as before we see that during the fourteen year period
from 1993-2007, replaceable industries saw large and precisely estimated increases in labor
productivity and value added, and a smaller and imprecise decline in hours worked. In panel B
we restrict our sample to country-industries that did not use any robots (robot “non-adopters”)
in 1993. The coefficients for this sample are similar but imprecisely estimated. At the bottom of
the table, we report the p-value from tests for equality of coefficients across the various panels.
We cannot reject that the relationship between the outcome variables and the share of replaceable
hours is the same in our benchmark and in the sample of 1993 non-adopters.
Next, in panel C of Table 5 we check whether growth in the outcome variables during the
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fourteen-year period from 1979-1993 was systematically related to replaceability in the 1993 non-
adopting country-industries. We find that replaceable industries did not experience differential
growth in productivity, value added, or hours before robot adoption began. The estimated
coefficients on productivity and value added are much smaller than during the period 1993-2007,
and imprecisely estimated. We can reject the equality of coefficients between our benchmark
and those we consider in panel C at the five percent significance level (except for hours, where
we find no significant effect in any of the specifications).
Lastly, panel D of Table 5 presents a different falsification check, where we restrict the sample
to industries that did not yet adopt robots in 2007. This sample is small, comprising only
27 observations, so the estimates are even less precise. Nonetheless, they again suggest that
replaceable industries do not follow systematically different trends before they start to employ
robots.30
While the results in panel C of Table 5 suggest that replaceable industries did not follow
different trends before the adoption of robots, we still check the robustness of our 2SLS esti-
mates, and the OLS estimates, to controlling for changes in outcomes (value added and hours
worked) during the preceding fourteen year period (1979-1993).31 The estimated regressions
are essentially the same as those reported in Table 4 with country fixed effects, and in some
OLS specifications we also add industry fixed effects. The results, reported in Appendix Table
A4, show that our estimates are robust to controlling for past trends. As before, we find no
significant effect on hours worked, and the 2SLS estimate, which is negative and marginally
significant without controls, becomes smaller and imprecise once the controls are added.
Our replaceability instrument is constructed at the industry level and thus it does not
predict within-industry variation in robot densification. We therefore consider two alternative
instruments: a country-industry’s initial (1993) robot density, and a shift-share instrument
which interacts initial robot density at the global industry level with aggregate, country-level
robot densification (see the Data Appendix for details on the construction of these variables).
Appendix Table A5 shows that these alternative instruments yield strong first stages, and the
2SLS estimates of the effects of robot densification on productivity growth are positive, precisely
estimated, and similar in magnitude to the estimates using the replaceability instrument. The
effects on hours are estimated to be positive but small in magnitude, and they are not statistically
significant. When we enter all three instruments at the same time, results are again very similar,
although initial robot density has no predictive power anymore in the first stage.32
Before moving on to further robustness checks involving different functional forms, differ-
ent subsamples, and additional controls, we perform one more check on our baseline results.
Because of the relatively modest number of countries and industries, we report robust standard
30The fact that some country-industries did not adopt industrial robots by 1993 and some not even by 2007 suggests
that these country-industries might be special, and the relationships between outcomes and replaceability might not
be the same for these observations as it would be for the rest of the sample in the absence of robots. However, the
similarities of results in panels A and B mitigate this concern.
31We use logarithms for the outcomes, so labor productivity is the sum of value added and hours worked, and
adding it would result in perfect multicollinearity.
32Since our replaceability instrument is constructed at the industry level, we cannot estimate 2SLS specifications
with industry fixed effects due to perfect multicollinearity. While the alternative instruments do feature within-
industry variation, we find that they have little power once we absorb industry trends.
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errors that are not clustered. Appendix Table A6, however, reports estimates using the same spec-
ifications as Table 4, except that standard errors are clustered by country. The estimated standard
errors do not change by much, and all our main estimates remain statistically significant.
4.2 Further robustness checks
Having shown our main results and robustness checks, we now proceed to report estimates
from further checks.
The first set of further robustness checks concerns the choice of functional form and the
choice of depreciation rate used when constructing the robot stock. While Figures 2 and 3
support our use of the percentile of robot densification as the preferred functional form, in
Appendix Table A7 we nevertheless explore different functional forms for the change in robot
density. In panel A we report estimates using the same specifications as in Table 4, except
this time using the change in the number of robots per million hours worked as an alternative
measure of robot densification. The OLS estimates without controls and those that allow for
country trends show positive and significant effects of robot densification on value added and
productivity, with little impact on hours worked. The 2SLS estimates for these two variables are
similarly positive and precisely estimated. We also note that for this functional form the first
stage F-statistic is not as precise as before, suggesting that this functional form is perhaps not as
suitable, although we still do not suffer from a weak instrument problem.
Appendix Table A7 also reports estimates for two other functional forms for robot densi-
fication: the change in the logarithm of 1+ robots/[million hours worked] and the ratio of robot
services to the wage bill (panels B and C). Once again the picture is similar to before: OLS and
2SLS estimates for labor productivity and value added are all positive and precisely estimated.33
As in most of the previous analysis, we find small and imprecise OLS estimates of the effects of
robot densification on hours worked, and somewhat negative but imprecise estimates in the
2SLS specifications.34
As the IFR (2012) points out, there is uncertainty regarding the average service life of robots,
and therefore it is important to check whether our results are robust to a range of depreciation
rates around our default choice of ten percent. Using a higher depreciation rate may also capture
some of the growth in robot quality, since more weight is put on recent robot vintages. In panel
A, columns (1) and (2) of Appendix Table A8 we present estimates from our preferred OLS and
2SLS specification of the effects of robot densification on productivity and hours growth, where
the robot stock was computed assuming a depreciation rate of 5 percent. Columns (3) and (4)
repeat the baseline results and columns (5) and (6) show results for a depreciation rate of 15
percent. The estimated effects on productivity growth are all positive, statistically significant,
and of similar magnitudes, while for hours we again find that a zero effect cannot be rejected in
any of the regressions. Panel B shows results using changes in density rather than the percentile,
and again results are robust to different depreciation rates, although the magnitudes are more
33In the last functional form, however, our instrument is unfortunately rather weak.
34When we control for industry trends in the specifications using alternative functional forms of robot densification,
coefficients in the productivity and value added regressions become small and are imprecisely estimated.
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sensitive.
Another concern about the data, as mentioned in Section 3, is that constructing the robot
stock for half of the countries in our sample required imputing deliveries in 1993, since for these
countries deliveries were only reported at the aggregate level. Appendix Table A9, however,
shows that excluding these countries from our analysis does not substantially change the results
reported in Table 4.
There is potential heterogeneity in our sample not only because of differences in data quality,
but also because of differences between industries in the nature of their products. In particular,
our sample contains both tradable and non-tradable goods producing industries. In Appendix
Table A10 we check whether restricting our sample to tradable industries affects our results.
Columns (5) and (6) suggest that the impact of robot densification on value added growth
is somewhat larger in tradable industries than in the full sample, both in the OLS and 2SLS
specifications. While the effects on productivity appear reduced in magnitude (column (2)) and
the effects on hours are estimated to be more positive (column (10)) in the tradable industries
for our baseline specifications, controlling for industry trends in the OLS regressions yields no
meaningful differences between the full sample and tradable industries, with positive effects on
productivity and value added, and small and statistically insignificant effects on hours (columns
(3)-(4), (7)-(8), (11)-(12)).
As one further check on whether the impact of robot densification is heterogeneous across
countries and industries, we have run our baseline OLS and IV specifications excluding each
industry at a time, and each country at a time. The results are available on request. They
are highly robust except that in the regressions of changes in hours, the coefficients on robot
densification are negative and statistically significant when we exclude agriculture. However,
the coefficient in the OLS regression becomes attenuated and statistically insignificant when
controlling for industry trends.
A potential concern that we have not addressed so far is that robot densification might be
associated with changes in the use of other inputs at the industry level, which may affect our
estimates. For instance, if robot densification involves skill upgrading, then there could be
a spurious correlation between robot densification and productivity growth. Similarly, robot
densification may be correlated with increased use of other types of capital, which affects
productivity and value added growth. However, if other inputs change as a result of the fall in
robot prices, then these changes are not pre-determined with respect to robot densification, and
including them on the right-hand side is not without problems. Nevertheless, it is an interesting
question whether our results are robust to including these additional controls.
In Appendix Table A11 we add to our main specifications from Table 4 controls for the
changes in the fractions of high-skilled and low-skilled workers in total hours. Furthermore, we
add changes in the log of the average wage as a control. This extreme robustness check is a way
of making sure that the productivity gains associated with increased robot densification are not
driven by the increased hiring of workers that are more productive along skill dimensions that
we cannot otherwise measure directly. However, the wage is clearly an endogenous variable,
and in fact we use it as an outcome in Section 4.4.
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As columns (1)-(3) show, adding these controls leads to somewhat lower estimates of the
impact of robot densification on productivity, but the estimates are still precise and statistically
significant both for OLS and 2SLS specifications (in the OLS specifications, this holds even when
including industry fixed effects, see columns (4)-(6)). The estimated effects on value added are
not affected by controling for changes in the skill mix or the wage (columns (7)-(12)).
We further control for changes in the ratio of the value of capital services to the wage bill,
and the share of ICT capital services in total capital services. Given that the EUKLEMS data aim
to measure the entire capital stock, there is an overlap between our esimtates of the robot and
capital inputs, and a partial overlap between robots and ICT in particular. Nonetheless, robots
make up a small part of capital as a whole, and the overlap with ICT is far from perfect (since
robots are largely made up of hardware that is not considered ICT), so we check that our results
are not driven by changes to these larger input categories. As Appendix Table A12, columns
(1)-(2) and (4)-(5) show, the estimated effects of robot densification on labor productivity and
value added remain positive and statistically significant, and their magnitude is also robust.
This remains true when we control for changes in the compositions of the capital and labor
inputs at the same time (columns (3) and (6)).
Appendix Table A13 suggests that our OLS estimates are smaller in magnitude and im-
precisely estimated when we control for both industry trends and changes in other inputs.
However, as a comparison of columns (1) and (5) with columns (2) and (6) shows, this decline in
magnitude and loss of precision is due to the reduction in sample size that comes from including
measures of other capital, rather than due to the inclusion of industry trends.
4.3 Magnitudes
Having presented our main results and examined their robustness, we next consider the impli-
cations for aggregate labor productivity and value added of our estimates of the effects of robot
densification. We consider a counterfactual scenario in which robot densities (robots per million
hours worked) in 2007 would have remained the same as in 1993. We calculate how much lower
labor productivity and value added would have been in this case.
To calculate counterfactual productivity and value added for this scenario, we proceed
as follows. We first compute the ‘zero-percentile’, the percentile of changes in robot density
that corresponds to no change, q0. Let qci denote the actual percentile of the change in robot
density in country c and industry i. For each outcome Y ∈ {VA/H,VA} we then calculate its
counterfactual log change as
(∆ ln Yci)
c f = ∆ ln Yci − β̂Y (qci − q0) ,
where β̂Y is the preferred estimate of the effect of robot densification on the outcome of interest.
Using (∆ ln Yci)
c f , we compute the counterfactual log values and levels of productivity and
value added in 2007 for each country-industry. We then aggregate levels of productivity and
value added to the country level, simply summing value added, but weighting productivity by
an industry’s 2007 share in total hours in the given country, obtaining Yc fc,2007. By comparing these
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numbers to the actual 2007 levels, we obtain an estimate of how much lower productivity and
value added would have been in the absence of robot densification. In particular, we calculate
the percentage loss as 100× (1−Yc fc,2007/Yc,2007).
We base our analysis on the OLS estimates from the specifications that allow for both country
and industry trends, setting β̂VA/H = 0.352 and β̂VA = 0.358.35 Since these estimates are lower
than our IV estimates, the results reported here may be viewed as conservative. The bottom
row in Appendix Table A14 shows that the counterfactual loss in labor productivity for the
robot-using industries implied by the OLS estimate is on average about 16 percent across
countries, and similarly for value added. We calculate that countries with more rapid robot
densification would experience a larger loss in productivity and value added in the absence of
robot densification. The loss in both productivity and value added would have been highest for
Germany and lowest for Hungary.
What effect have robots had on the aggregate economies? Assuming that no robots are used
in the industries excluded from our sample, we obtain the loss in economy-wide productivity
and value added by multiplying our figures for the robot-using industries by the share in value
added of the robot-using industries in 2007. This share is typically around one third or less,
and hence our estimates of losses in productivity and value added drop substantially. Still, we
find that productivity and value added would have been about 5 percent lower in the absence
of robot densification. This implies that robot densification increased annual growth of GDP
and labor productivity by about 0.37 percentage points. This figure is fairly comparable to the
estimated total contribution of steam technology to British annual labor productivity growth,
which was around 0.35 percentage points, but was sustained over a period that was about
four times longer, from 1850-1910 (Crafts, 2004). The overall contribution of robots is less than
the upper range of estimates of ICT’s contribution to EU and US labor productivity growth
form 1995-2005, which O’Mahony and Timmer (2009) estimate at 0.6 and 1.0 percentage points,
respectively. However, the total value of ICT capital services likely exceeds that of robot services
by a factor of at least five.36
In sum, the contribution of robot densification to growth has been substantial, especially
given the small share of robots in total capital.
4.4 Additional results
We have so far discussed our main set of results, showing that robot densification increased
labor productivity and value added. We now turn to estimating the effect of robot densification
35These are taken from panel B, columns (2) and (4) of Appendix Table A3.
36Averaged across countries and the years 1993 and 2007, the share of robot services in total capital services is 0.64
percent (2.25 percent in robot-using industries), compared to 11 percent for ICT services (13 percent in robot-using
industries). However, the IFR (2012, p.11) point out that their data on the value of the robot stock “do not include
the cost of software, peripherals and systems engineering”, and that the true value of the robot stock may be three
times as large. A further difficulty in this context is that EUKLEMS data break down the capital stock into ICT and
non-ICT, but robots are made of both ICT and non-ICT components.
The contribution of robots to growth is also less than that of post-war road construction in the US, which Fernald
(1999) estimates at 1 percent for the period 1953-1973. However, the value of the road stock is much larger than that
of robots, at about one quarter of private business GDP in 1994.
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on other outcomes: total factor productivity (TFP), wages, the labor share, and on different skill
groups’ hours worked and wage bills.
We begin in Table 6 by reporting the results from estimating the same specifications as in
Table 4 using the change in the logarithm of TFP as an outcome variable. The OLS estimates
without controls and with country trends suggest that robot densification increased TFP. The
2SLS estimates—both with and without country trends—are also statistically significant and
somewhat larger than the OLS estimates. These results are consistent with a large and positive
effect of robots on productivity at a relatively low cost.
The estimated effects of robot densification on the change in the logarithm of mean wages is
positive and significant in the OLS specifications (except the one that does not allow for country
trends), and in both 2SLS specifications. Some of the productivity gains from robot densification
appear to be shared with workers.
Table 6 also shows results using the change in the labor share as a dependent variable. The
point estimates are negative and of non-trivial magnitudes, but given a lack of precision, we
cannot reject a zero effect of robot densification on the labor share.
The results we discussed so far consider labor as one input. But did robot densification
have different effects for workers with different levels of skill? To address this question, we
report in Table 7 estimates using the hours and wage bills of high-skilled, middle-skilled, and
low-skilled workers as dependent variables. The OLS estimates that allow for country trends
suggest that the hours worked (and possibly also the wage bill) of skilled workers may have
increased faster, and the 2SLS estimates suggest that growth in hours worked and the wage
bill of low-skilled workers may have suffered from robot densification. Middle-skilled workers
may have been adversely affected as well, but to a lesser extent than low-skilled workers. This
result is noteworthy given the recent findings in the literature that some technological change
is biased against middle-skilled workers (see for example the discussion of the effect of ICT in
Michaels, Natraj, and Van Reenen (2014) and more general discussions in Goos, Manning, and
Salomons (2014), Goos and Manning (2007) and Autor (2014)).
Appendix Table A15 provides further suggestive evidence that in relative terms the main
losers from robot densification have been low-skilled workers. Panels A and B show that all the
OLS and 2SLS estimates of robots’ effects on low-skilled workers’ share of hours are negative.
The estimates for the two higher skill groups are mostly noisy (with the exception of one positive
and significant estimate for high-skilled workers), making it difficult to tell precisely which
workers gained in relative terms from robot densification.
Panels C and D of Appendix Table A15 paint a starker picture when it comes to wage bill
shares. Here the majority of the estimates for high- and low-skilled workers are significant,
providing evidence that robot densification shifts demand from the low-skilled towards the




We estimate, for the first time, the effects of industrial robots on economic outcomes. Using a
panel of industries from 17 countries from 1993-2007, we find that industrial robots increased
labor productivity and value added. We find that the contribution of increased use of robots
to economic growth is substantial, and calculate using conservative estimates that it comes to
0.37 percent, accounting for just over one tenth of aggregate growth. This finding is robust to
including various controls, for country and industry trends, for past growth, and for changes in
the composition of labor and in other capital inputs. We also examine the effects of industrial
robots on other economic outcomes. Specifically, we find that robot densification increased both
total factor productivity and wages. While we find no significant effect of industrial robots on
overall employment, there is some evidence that they crowd out employment of low-skilled
and, to a lesser extent, middle-skilled workers.
As of 2007 industrial robots accounted for only around 2.25 percent of the capital stock
in affected industries, and they penetrated only a limited part of the developed economies
that we examine. If the quality-adjusted prices of robots keep falling at a rate similar to that
observed over the past decades, and as new applications are developed, there is every reason to
believe that they will continue to increase both labor productivity and value added. Recently,
the development of robots has been increasingly directed towards services. Areas that are
experiencing a particularly rapid expansion include medical robots, factory logistic systems,
and unmanned aerial vehicles, popularly known as drones (IFR 2012, p.19).
Our analysis focused (due to data limitations) on developed economies. But recent evidence
(Financial Times, 2014; International Federation of Robotics, 2014) shows that robots are increas-
ingly used also in developing countries, and China may already be the worlds leading buyer of
robots. So the contribution of robots to worldwide growth in the upcoming decades can be even
larger.
At the same time, the evidence suggests that there are congestion effects, marginal returns
on increased robot densification seem to diminish fairly rapidly. We also caution that the rise of
robots is not a blessing for all: we find that low-skilled and middle-skilled workers in particular
may lose out. And in the longer run, the findings of Frey and Osborne (2013) also demonstrate
potential risks for a growing set of occupations.
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Figure 3: Cross-Industry Variation in Growth of Value Added, Productivity, and Robots, and the
Replaceability of Labor
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Table 1: Summary Statistics by Country
A. 1993 Levels Averaged by Country
#robots/H ln(VA/H) ln(VA) ln(H) ln(K) ln(wH)
Australia 0.07 3.30 9.56 6.26 8.08 9.24
Austria 0.63 3.09 8.64 5.55 7.84 8.66
Belgium 1.20 3.72 8.94 5.22 7.40 8.87
Denmark 0.42 3.52 8.41 4.89 6.15 8.34
Finland 0.68 3.15 8.29 5.14 6.45 8.29
France 0.79 3.37 10.63 7.26 8.89 10.56
Germany 1.71 3.38 11.00 7.63 9.36 11.01
Greece 0.00 2.53 8.76 6.23 . 8.50
Hungary 0.05 1.68 7.50 5.82 . .
Ireland 0.00 3.26 8.05 4.79 6.69 7.99
Italy 1.13 3.17 10.54 7.37 8.70 10.37
Netherlands 0.25 3.60 9.35 5.75 7.80 9.16
South Korea 0.28 1.90 9.76 7.86 . 10.11
Spain 0.36 3.21 10.12 6.91 8.86 9.66
Sweden 1.39 3.21 8.69 5.47 6.85 8.78
United Kingdom 0.50 3.38 10.62 7.24 8.09 10.57
United States 0.41 3.39 12.27 8.88 10.59 12.08
Mean 0.58 3.11 9.48 6.37 8.03 9.51
B. Changes from 1993-2007 Averaged by Country
∆(#robots/H) ∆ ln(VA/H) ∆ ln(VA) ∆ ln(H) ∆ ln(K) ∆ ln(wH)
Australia 0.12 0.22 0.34 0.12 0.72 0.15
Austria 0.61 0.51 0.32 -0.19 0.02 -0.15
Belgium 1.23 0.29 0.20 -0.09 . .
Denmark 1.57 0.19 0.17 -0.02 0.51 0.00
Finland 1.05 0.43 0.39 -0.04 0.40 0.01
France 1.20 0.29 0.14 -0.15 0.26 -0.06
Germany 2.73 0.28 0.02 -0.26 0.04 -0.24
Greece 0.03 0.16 0.04 -0.12 . 0.05
Hungary 0.08 0.56 0.37 -0.20 . .
Ireland 0.10 0.44 0.65 0.20 0.94 0.28
Italy 1.39 0.17 0.10 -0.06 0.43 -0.04
Netherlands 0.54 0.24 0.19 -0.05 0.39 0.04
South Korea 1.31 0.71 0.45 -0.26 . -0.16
Spain 1.21 0.13 0.31 0.18 0.48 0.26
Sweden 0.80 0.43 0.46 0.04 0.78 0.07
United Kingdom 0.34 0.26 0.14 -0.12 0.54 -0.03
United States 0.97 0.27 0.28 0.01 0.60 0.05
Mean 0.90 0.33 0.27 -0.06 0.47 0.02
H stands for million hours worked. Value added (VA), capital services (K), and the wage bill (wH) are mea-
sured in millions of 2005 US$, converted from local currencies using 2005 nominal exchange rates where
applicable. Country-level and overall means are weighted by each industry’s 1993 share of hours within a
country.
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Table 2: Summary Statistics by Industry
A. 1993 Levels Averaged by Industry
#robots/H ln(VA/H) ln(VA) ln(H) ln(K) ln(wH)
Agriculture 0.01 2.34 9.24 6.90 8.18 9.52
Chemical 1.16 3.72 9.40 5.68 8.89 9.15
Construction 0.01 3.30 10.26 6.96 8.40 10.15
Education, R&D 0.02 3.45 10.18 6.72 7.27 10.18
Electronics 0.95 2.78 8.38 5.60 7.76 8.94
Food products 0.34 3.35 9.32 5.97 8.41 9.05
Metal 2.37 3.23 9.09 5.86 8.13 9.07
Mining 0.07 4.27 8.22 3.95 7.75 7.32
Other Mineral 0.34 3.27 8.07 4.80 7.23 8.04
Paper 0.06 3.36 8.89 5.53 7.96 8.84
Textiles 0.12 2.79 8.34 5.55 6.45 8.43
Transport equipment 5.36 3.14 8.41 5.27 7.25 8.65
Utilities 0.00 4.30 9.13 4.83 9.02 8.44
Wood products 0.77 2.77 7.36 4.59 6.35 7.49
B. Changes from 1993-2007 Averaged by Industry
∆(#robots/H) ∆ ln(VA/H) ∆ ln(VA) ∆ ln(H) ∆ ln(K) ∆ ln(wH)
Agriculture 0.03 0.44 0.11 -0.33 0.07 -0.26
Chemical 3.33 0.52 0.47 -0.05 0.42 0.01
Construction 0.02 0.03 0.34 0.30 0.71 0.35
Education, R&D 0.06 -0.03 0.19 0.22 0.98 0.29
Electronics 1.32 1.13 1.13 0.00 0.62 0.09
Food products 1.21 0.29 0.16 -0.14 0.26 -0.04
Metal 1.67 0.40 0.45 0.06 0.30 0.14
Mining 0.29 0.32 0.00 -0.32 0.42 -0.19
Other Mineral 0.81 0.45 0.34 -0.11 0.25 -0.03
Paper 0.14 0.45 0.31 -0.14 0.45 -0.07
Textiles 0.30 0.42 -0.35 -0.77 -0.13 -0.68
Transport equipment 8.07 0.61 0.64 0.02 0.47 0.06
Utilities 0.02 0.43 0.28 -0.15 0.26 -0.07
Wood products 0.84 0.41 0.36 -0.05 0.40 0.00
H stands for million hours worked. Value added (VA), capital services (K), and the wage bill (wH) are measured
in millions of 2005 US$, converted from local currencies using 2005 nominal exchange rates where applicable.











































































































































































































































































































































































































































































































































































































































































































































Table 5: Falsification Tests for the Automation Propensity Instrument
∆ ln(VA/H) ∆ ln(VA) ∆ ln(H)
(1) (2) (3)
A. Growth in outcome 1993-2007 (benchmark)
Share of hours replaceable 1.153 0.802 -0.351
(0.206) (0.210) (0.204)
Observations 238 238 238
B. Growth in outcome 1993-2007, non-adopters (1993)
Share of hours replaceable 0.912 0.872 -0.041
(0.605) (0.792) (0.811)
Observations 72 72 72
C. Growth in outcome 1979-1993, non-adopters (1993)
Share of hours replaceable -0.132 -0.200 -0.068
(0.558) (0.505) (0.419)
Observations 72 72 72
D. Growth in outcome 1993-2007, non-adopters (2007)
Share of hours replaceable -0.286 -0.154 0.132
(1.030) (1.469) (1.229)
Observations 27 27 27
p-value of test for equality, A versus B 0.679 0.927 0.687
p-value of test for equality, A versus C 0.019 0.049 0.455
p-value of test for equality, A versus D 0.021 0.262 0.498
Results from OLS regressions are shown. All regressions include country fixed effects. Robust standard er-
rors in parentheses. Regressions are weighted by each industry’s 1993 share of hours within a country. Panel
A shows the reduced form for the full sample. Panel B shows the reduced form for country-industry cells
that had zero robots in 1993 (non-adopters in 1993) and for which data on prior outcomes is non-missing. In
panel C the LHS variables are prior changes in the outcomes for the same sample as in panel B. Panel D
shows the reduced form for country-industry cells that did not use any robots in 1993 or 2007 (non-adopters

































































































































































































































































































































































































































































































































































































































































































































































































































































































































Online Appendix for “Robots at Work”
Georg Graetz, Uppsala University
Guy Michaels, London School of Economics
Data Appendix
Imputation of the robot stock for a subset of countries. As mentioned in Section 3, a complicating
feature of the IFR data is that for half of the countries in our final sample, a breakdown of
deliveries by industries is not available for the early years in the sample, when all delivered
units are reported under the “unspecified” category. These countries (and the year that the
breakdown by industries first becomes available) include Australia (2006), Austria (2003),
Belgium (2004), Denmark (1996), Greece (2006), Hungary (2004), Ireland (2006), Korea (2001,
but not in 2002, then again from 2003 onwards), Netherlands (2004), and the US (2004). For this
group of countries, we impute industry-level deliveries by multiplying the number of robots
reported as “unspecified” by the average share of an industry’s deliveries in total deliveries
during the years when the breakdown was reported in the data. To compute the share of
deliveries we use all the years available in the IFR data, up to and including 2011. Similarly, for
these countries we multiply the stock reported by IFR as “unspecified” in 1993 by the average
share of deliveries. We then apply our perpetual inventory method to compute the stock for all
subsequent years.
Data on robot prices. The IFR report two measures of prices: one that is based on the total
turnover of the robots producing industries, and one that is based on list prices of surveyed
firms. However, the IFR do not report price data for all countries and years. Turnover-based
prices are calculated as the ratio of the total turnover of the robots industries and the number
of robots delivered. They are available throughout our sample period for the US only, and can
be found in IFR (2005) and IFR (2012). For each country-industry-year cell, we compute robot
services as the product of the turnover-based US price of robots and our measure of the robot
stock, multiplied by 0.15 which is the sum of a depreciation rate of ten percent and a real interest
rate of five percent. (This procedure is based on the neoclassical theory of investment, see e.g.
Timmer, van Moergastel, Stuivenwold, Ypma, O’Mahony, and Kangasniemi (2007, p.33) for a
discussion and application to EUKLEMS capital data.)
As the IFR point out, turnover-based prices are problematic as the total turnover also includes
peripherals, customer services, etc., and is affected by volume discounts. For selected countries
the IFR also report price indices based on list prices, but these stop in 2005. List prices, together
with data on changes in characteristics of robots, enabled the IFR to construct quality adjusted
price indices, as well. We report these indices in Figure 1.
Construction of alternative instruments shown in Appendix Table A5. “Percentile of #robots/hrs
in 1993/100” is the percentile of a country-industry in the 1993 distribution (weighted by 1993
35
within-country employment shares) of robot density, divided by 100 to let this variable range
from zero to one.
The “shift-share” instrument is the product of two terms. The first term is a given industry’s
percentile in the 1993 distribution of global robot density. For industry i, global 1993 robot
density is calculated as [∑c #robotsic,1993] / [∑c hoursic,1993], where the sum is over countries
indexed by c, but excluding countries for which deliveries are not reported at the industry
level in 1993 (see the note to Appendix Table A9 for a list of countries included). The second
term is the percentile of the country-level change in robot density between 1993 and 2007.
Country-level robot density in year t is calculated as [∑i #robotsic,t] / [∑i hoursic,t] where the
sum is taken over all industries (only here we include the “all other manufacturing”, “all other
non-manufacturing”, and “unspecified” industries). Percentiles are un-weighted and were
divided by 100 to let the shift-share instrument range from zero to one.
Model Appendix
Here we show how to solve the simple model introduced in Section 2 and derive the predictions
stated there. Start by normalizing the price of YR to one and let p be the price of YN relative to





















Profit maximization in the non-robot-using sector implies p = w.
Consumer’s utility maximization subject to the budget constraint YR + pYN = I (where I









In general equilibrium the income accounting identity I = wL + ρR applies.
To analyze the effect of a fall in the rental price of robots, ρ, on a variety of outcomes, we
make use of the recursive structure of our equilibrium conditions. In particular, notice that robot
density determines labor productivity in the robot-using sector, as follows from dividing both
sides of the production function by LR. In turn, labor productivity in the robot-using sector






















By determining how a fall in ρ affects robot density, we immediately reveal its effects on
labor productivity in the robot-using sector, the ratio of outputs, and the ratio of labor inputs.37
In particular, we see that if a fall in ρ raises robot density, then labor productivity in the robot-
using sector increases (production function), which in turn raises value added relative to the
non-robot-using sector (see (A4)), but the effect on the labor input depends on the relative values
of the elasticities of substitution (see (A5)).
It remains to verify that a fall in ρ indeed raises robot density. Combine (A2) with (A3), using
p = w, and (A4) to obtain (R/LR)−1/σ = ρ(YR/LR)−1/σ. Using the production function yields















37To derive (A4), use p = w to substitute out the wage in the second equation of (A1), and plug the result into (A3).


























































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Table A14: Percentage Losses in 2007 Value Added per Hour and Value Added for the Counter-
factual Scenario of No Increase in Robots
Robot-Using Ind. All Ind.
VA/H VA VA/H VA
Australia 8.1 8.2 2.8 2.8
Austria 19.0 19.3 6.5 6.6
Belgium 19.3 19.6 5.8 5.8
Denmark 20.4 20.7 5.9 6.0
Finland 20.2 20.5 7.6 7.8
France 17.2 17.5 4.5 4.5
Germany 22.9 23.3 6.9 7.0
Greece 11.2 11.4 3.3 3.4
Hungary 7.1 7.2 2.7 2.7
Ireland 9.9 10.1 4.2 4.2
Italy 16.1 16.3 4.9 4.9
Netherlands 13.8 14.0 3.8 3.8
South Korea 17.7 17.9 8.3 8.4
Spain 17.7 18.0 6.1 6.2
Sweden 17.0 17.2 5.3 5.3
United Kingdom 17.0 17.3 4.7 4.8
United States 13.6 13.8 3.6 3.6
Mean 15.8 16.0 5.1 5.2
The percentage loss in variable Y ∈ {VA/H, VA} is given by 100×
(1−Yc fc,2007/Yc,2007). See the text for details of how the counterfactual
outcome Yc fc,2007 was calculated. The figures for the entire economy
were obtained by multiplying the numbers reported in the first four
columns by the share in value added of the robots-using industries
in a given country in 2007. This amounts to assuming that no robots
were used in the industries not included in our sample. In fact, the
average share of the excluded industries (“all other manufacturing”
and “all other non-manufacturing”) in total robots deliveries across
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